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Two Questions
Right Model? Sufficient Data?
Currently we worry that we don’t have the 
right models.
We should worry that we don’t have the 
power to know if we have the right models.
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Right Model?
Hav
e we
 cram
med
 eno
ugh 
biolo
gy in
to th
e tre
e?
(diagram shows tree 
under weight of so 
many models)
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Sufficient Data?
Is the data-set big enough?
... informative about 
the things we want to 
estimate?
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A model of “phylogenetic signal”
0 1
“str
ong 
sign
al”
(Brow
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n)
“No 
sign
al”
Are closely related 
species really more 
similar?
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A simulation-based test of this method
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 valu
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A simulation-based test of this method
N
at
ur
e 
Pr
ec
ed
in
gs
 : 
do
i:1
0.
10
38
/n
pr
e.
20
11
.6
45
3.
1 
: P
os
te
d 
23
 S
ep
 2
01
1
  
Was supposed to address the 
problem of adequate data...
Instead, it's just fallen prey 
to the problem
Insufficient signal to 
estimate signal
What went wrong?
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“Has the pendulum swung too far?”
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Bigg
er t
ree 
can 
esti
mat
e 
lamb
da 
bett
er
 ← ha
s ov
er 
300
 spe
cies
 
(vs 2
3)
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Not just size that matters....
Origina
l 23 tax
a data 
is quite
 
informa
tive ab
out est
imate o
f 
diversif
ication 
rate, si
gma
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Is the phylogeny informative?
Depends on the question
Depends on the amount of data
So a
s we
 add
 mor
e co
mple
x 
mod
els, 
do w
e ha
ve t
he d
ata 
to 
just
ify t
hem
?
How
 wou
ld 
we k
now
?
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Process vs Pattern
Models represent mechanisms
More complex models fit the data 
better
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Models represent mechanisms
More complex models fit the data 
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Process vs Pattern
Models represent mechanisms
More complex models fit the data 
better
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Some possible models of evolution for 
Anoles
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Phylogenetic Monte Carlo
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Phylogenetic Monte Carlo
 ← Fits
 both 
models
 
to this
 data
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 data
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Phylogenetic Monte Carlo
 ← Fits
 both 
models
 
to this
 data
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Simu
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A reliable way to justify the complex model
 ← Ratio 
observed
 for 
Anoles d
ata
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A reliable way to justify the complex model
Prob of false positive: 0.0115
Power at 95% confidence: 0.99
 ← Ratio 
observed
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Anoles d
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Greater overlap indicates less information, 
less power to distinguish
No trouble with 
non-nested 
models
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And we can identify cases where the tree 
really has no information at all
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Preferring the simpler model isn't always a 
lack of power
Avoids 
over-fitting
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Compared to what we already do?
AIC h
as no
 
notio
n of 
powe
r
AIC  
choos
es 
the w
rong 
mode
l 
 desp
ite go
od 
powe
r!
About as good as flipping a coin...
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Larger trees can identify more subtle 
differences between models 
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Conclusions
   We've been worried about the right model.  
First we must worry if we have enough data to 
tell. 
   Without this, we will often choose wrong 
models.
   Future lies in big trees!
   PMC: an R package for Phylogenetic Monte Carlo
https://github.com/cboettig/Comparative-Phylogenetics/Nat
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